Analyzing the spatiotemporal characteristics of source-sink landscape pattern change in river basins is crucial for managing and controlling nonpoint source pollution. This study investigated the landscape pattern changes in Jiulong River basin from 1990 to 2015. A random forest classifier combined with texture and spectral information was applied to interpret the multi-temporal Landsat images. Landscape metrics were calculated to quantify the landscape at the patch level. Transition matrixes were derived for analyzing the conversion among different landscape types. It is notable that the largest values of the number of patches and patch density of residential land appeared in 2005, indicating the highest degree of fragmentation over this time period. The percentage of landscape for forestland was always higher than 71%, and the percentage of residential land increased from 7.42% to 14.55% during the last three decades, while unused land decreased from 5.3% to 2.8%. The downward trend of DO and the upward trend of NH 3 -N and TP indicate the deterioration of water quality during [2005][2006][2007][2008][2009][2010][2011][2012][2013][2014][2015]. The quantitative monitoring data of water quality indicators in Hua'an and Xiamen sites in Jiulong River basin are shown. The percentage of landscape of cultivated land increased during 2005-2010, which was consistent with the change tendency of NH 3 -N. Transition matrixes showed that the main changes occurred when forestland and unused land were transformed to residential land and cultivated land over the last three decades. Analysis results demonstrated a higher extent of landscape fragmentation and an unsustainable transition among source-sink landscapes.
Introduction
Strong links exist between landscape patterns and ecological function and process [1] . Landscape structure and composition evolve continuously in space and time [2] . Analysis of landscape pattern change is a key issue in landscape ecology. Non-point source pollution originates from diffuse areas where some solvable or solid pollutants are produced, and it is more severe compared to point source pollution [3] . Non-point source pollution has been the main cause of water quality deterioration with regards to urbanization and industrialization [4] . On the basis of source-sink theory, some landscape types contribute significantly to the pollution, which can be categorized as source landscapes, while some landscape types can reduce the pollutants and are defined as obtained with the support of IDRISI. Quantified analysis was conducted based on four metrics and transition matrixes. Finally, characteristics of the source-sink landscape pattern change in the study area were obtained.
Materials and Methods

Study Area and DATA Acquirsion
Study Area
Located in southeast Fujian, China, Jiulong River basin was selected as the study area. Jiulong River is the second-longest river in Fujian Province and has three main streams: North River, West River and South River [23] . The Jiulong River basin covers an area of 14,745 km 2 bounded between 116 • 47 E to 118 • 02 E and 24 • 13 N to 25 • 51 N, and approximately 87.5% of its total area is located in Longyan and Zhangzhou [24] . This area is in a subtropical marine monsoon climate. The mean annual temperature is approximately 20 • C and July is the warmest month while January is the coldest month. Temperature increases from north to south and from coastal to inland regions. The precipitation in the watershed is abundant, with the number of rainy days per year ranging from 100 to 200. The mean annual rainfall ranges from 1400 mm to 1800 mm [25] . Jiulong River is the drinking, industrial and agricultural water source of more than 5 million inhabitants in cities and counties such as Xiamen, Zhangzhou and Longyan. The river's water quality is thus of great significance to this area.
Data Source and Preprocessing
According to the scale of watershed and the objectives of this paper, Landsat images with the spatial resolution of 30 m acquired in 1990, 1995, 2000, 2005, 2010 and 2015 were used for landscape classification. Taking a five-year frequency can be beneficial for analyzing the tendency of landscape pattern change in this area, and the data processing complexity is lower than that of a two year or oneyear frequency. The information about sensors of images is showed in Table 1 . One image was used for classification each year. ENVI is a platform which is used for processing remote sensing images. The remotely sensed data were imported to ENVI, and Radiance Calibration, FLAASH and Seamless Mosaic in ENVI were applied for preprocessing. Radiance Calibration was used for radiation calibration, FLAASH was applied to atmospheric calibration, and then Seamless Mosaic was employed to obtain the images of the whole watershed. 
Source-Sink Landscape
According to the land use classification standards and the actual environment in Jiulong River basin, the watershed was classified into six landscape classes: Residential land, cultivated land, orchards, forestland, water and unused land. The specific definitions are showed in Table 2 . On the basis of landscape ecology, there are strong links between landscape patterns and ecological processes, such as nonpoint source pollution [1, 23] . According to source-sink theory, some landscapes in the watershed may serve as pollutant sources for the stream, some may serve as transformation zones, and others may serve as nutrient detention zones [26] . Based on the contributions of the nonpoint source pollution, six major land classes are divided into source landscapes and sink landscapes. Source landscapes, including cultivated land, residential land and orchards, can increase the pollutants. Sink landscapes, which include water, forestland and unused land, inhibit the transmission of nonpoint source pollutants.
Random Forest Classifier
A RF classifier involves choosing a set of features randomly and creating a classifier with a bootstrapped sample of the training data. A large number of decision trees are generated in this way, and unweighted voting then is used to assign an unknown pixel to a class [27] [28] [29] . Key advantages of RF include its high classification accuracy, nonparametric nature and ability to determine variable importance [17] .
Spectral features describe the average tonal variations in various bands of the visible and infrared portion of an electromagnetic spectrum. Texture features contain information about the spatial distribution of tonal variations within a band [16] . Textural information can be applied to improve the classification accuracy. In this study, an RF classifier combining textural features and spectral information was proposed for landscape classification of remote sensing images, and the results showed that this ensemble classifier had high accuracy.
The specific steps are described as follows:
(1) Extract class samples based on spectral information. The unsupervised classifier was used for extracting samples of satellite images firstly. The whole watershed was divided into 160 types by ISODATA in ERDAS. Parameters of classification were set as the following: The number of classes was 160; number of maximum iterations was 30; and convergence threshold was 0.95. The results were merged to 6 major classes and the typical patch of each landscape class in final result was extracted for use as regions of interest (ROIs) in the next supervised classification process. (2) Extract textural information. The co-occurrence measures, provided in the Texture module of ENVI, were employed to extract texture features from remotely sensed images. The scalars characterizing the texture information in the co-occurrence measures include mean, variance, homogeneity, contrast, dissimilarity, entropy, second moment and correlation. (3) Random forest classification based on textural features and spectral information. Six bands of TM images were used in the unsupervised classifier, and eight textural parameters were calculated based on the Gray-Level Co-occurrence Matrix while extracting texture features. Spectral bands were fused with the logical bands of texture parameters. The Layer Stacking function in ENVI was applied for the fusion of spectral bands and textural features. Using this method, 54 characteristics were obtained. Tables 4-9 . These characteristics were applied as the sample features in the RF classifier. Postprocessing was conducted on the basis of high-resolution images, topographic maps and other information. (4) Accuracy assessment. The most common methods of accuracy assessment are the confusion matrix and the Kappa coefficient [30] . The confusion matrix is expressed as Equation (1). 
where m ij represents the sum of pixels which should be the i type but are divided into the j class, n represents the number of classes, and m ii represents the number of pixels which are classified correctly. The larger the diagonal values are, the higher accuracy the results possess. The indexes of accuracy are the Kappa coefficient, the overall accuracy and the user accuracy. The Kappa coefficient and the overall accuracy are employed for classification assessment in this paper. Combined with land planning data of Jiulong River basin and Google Earth, 300 ground checkpoints were randomly selected to calculate the two indexes for accuracy assessments.
Equation (2) gives the value of Kappa, where P 0 is the percent correct for classification results, and P e is the hypothetical probability of chance agreement.
(5) Equation (3) gives the value of overall accuracy, where n c is the amount of pixels which are classified correctly, and n is number of pixels. 
where mij represents the sum of pixels which should be the i type but are divided into the j class, n represents the number of classes, and mii represents the number of pixels which are classified correctly. The larger the diagonal values are, the higher accuracy the results possess. The indexes of accuracy are the Kappa coefficient, the overall accuracy and the user accuracy. The Kappa coefficient and the overall accuracy are employed for classification assessment in this paper. Combined with land planning data of Jiulong River basin and Google Earth, 300 ground checkpoints were randomly selected to calculate the two indexes for accuracy assessments.
  
0 e e P P Kappa 1 P
Equation (2) gives the value of Kappa, where P0 is the percent correct for classification results, and Pe is the hypothetical probability of chance agreement.
(5) Equation (3) gives the value of overall accuracy, where nc is the amount of pixels which are classified correctly, and n is number of pixels. 
Analysis of Landscape Pattern Change
Change Analysis Based on Landscape Metrics
Landscape pattern analysis is an important topic of landscape ecology [19] . Landscape pattern analysis is used in this paper, which is beneficial for understanding the relationship between landscape patterns and ecological processes along with socio-economic activities. This is of great significance for the rational utilization of landscape resources, ecological landscape construction, land use planning and water quality protection in the basin.
Four landscape metrics are selected to analyze the landscape change in the Jiulong River basin from 1990 to 2015. The specific descriptions are expressed in Table 10 [31]. Table 10 . Description of four landscape metrics.
Landscape Metrics Description
Number of patches (NP) The number of patches in the land-use type/landscape under investigation is counted. Patch density (PD)
The number of patches per unit area in the landscape.
Mean patch size (MPS)
The average area of all patches in a landscape.
Percentage of landscape (PLAND)
The proportion of total area occupied by a particular land-use type.
A patch is the basic unit of landscape patterns and refers to a relatively homogeneous nonlinear area that is different from the surrounding background. The number of patches (NP) is a simple measure of the extent of fragmentation of the patch type [20] . There is a strong positive correlation between the value of NP and the fragmentation of the landscape [23] .
Mean patch size (MPS) refers to the average area of all patches in a landscape type. The extent of fragmentation is positively correlated with MPS. Studies show that changes in MPS can feed back more information about ecological processes and can characterize the subdivision of the landscape, which is key to reflect the heterogeneity of landscapes.
Percentage of landscape (PLAND) is the proportion of a certain landscape type's area across the whole watershed. Previous research shows that PLAND has more significant correlations with water quality compared with other metrics [23] .
Transition Matrix of Landscape
The conversion of different landscape types is a crucial issue in the study of landscape ecology. All or part of a landscape type may be transferred to other landscape types under the influence of human activities and natural process, yielding distinct changes in landscape patterns. The Crosstab module in IDRISI was used to calculate the cross-tabulation table, which was output as a transition matrix.
Results and Analysis
Classification Results
The Kappa coefficient and the overall accuracy of classification results for each year were calculated by the methods listed in Section 2. We displayed the results in Table 11 . The overall accuracy for each year is more than 86%, and the Kappa coefficients are all larger than 0.83. The RF classification has a relatively high accuracy compared with former classifiers. A Supervised Maximum Likelihood classification algorithm was applied in multi-temporal Landsat images of Avellino, and the overall classification accuracy and Kappa indexes were not at a stable level: The lowest accuracy and Kappa reached 82.42% and 0.6863, while the highest were 95.70% and 0.9285, respectively [20] . The unsupervised method was used for landscape classification in Jiulong River basin and the overall Kappa coefficients were 71% for 2002 and 74.53% for 2007 [23] . The overall accuracy of the random forest classifier employed in this study was relatively higher than some normal classification algorithms used in previous research, and the overall accuracy and Kappa indexes for multi-temporal images remained stable. 
Results and Analysis
Classification Results
The Kappa coefficient and the overall accuracy of classification results for each year were calculated by the methods listed in Section 2. We displayed the results in Table 11 . The overall accuracy for each year is more than 86%, and the Kappa coefficients are all larger than 0.83. The RF classification has a relatively high accuracy compared with former classifiers. A Supervised Maximum Likelihood classification algorithm was applied in multi-temporal Landsat images of Avellino, and the overall classification accuracy and Kappa indexes were not at a stable level: The lowest accuracy and Kappa reached 82.42% and 0.6863, while the highest were 95.70% and 0.9285, respectively [20] . The unsupervised method was used for landscape classification in Jiulong River basin and the overall Kappa coefficients were 71% for 2002 and 74.53% for 2007 [23] . The overall accuracy of the random forest classifier employed in this study was relatively higher than some normal classification algorithms used in previous research, and the overall accuracy and Kappa indexes for multi-temporal images remained stable. The area of each landscape type in different years was calculated through attribute commands in the ArcGIS platform based on the classification figures. Table 12 and Figure 8 show the increase of area in residential land and the decrease of area in cultivated land and unused land during 1990-2015. The area of residential land had the largest increase from 1179.27 km 2 to 1838.68 km 2 during 1995-2000; in contrast, the area of unused land decreased from 935.55 km 2 to 450.09 km 2 in this period. Additionally, the area of residential land increased constantly but with a progressively slower trend. The area of cultivated land changed rapidly during 2010-2015, decreasing from 1416.94 km 2 to 1016.12 km 2 . Forestland occupied at least 70% of the total area and is the dominant landscape type in Jiulong River basin. The area of forestland began to increase after 2000, which was result of the Grain to Green governmental policy. On the whole, the area of source landscapes increased notably during 1990-2015, while the area of sink landscapes had an overall decreasing trend.
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The area of each landscape type in different years was calculated through attribute commands in the ArcGIS platform based on the classification figures. Table 12 and Figure 8 show the increase of area in residential land and the decrease of area in cultivated land and unused land during 1990-2015. The area of residential land had the largest increase from 1179.27 km 2 to 1838.68 km 2 during 1995-2000; in contrast, the area of unused land decreased from 935.55 km 2 to 450.09 km 2 in this period. Additionally, the area of residential land increased constantly but with a progressively slower trend. The area of cultivated land changed rapidly during 2010-2015, decreasing from 1416.94 km 2 to 1016.12 km 2 . Forestland occupied at least 70% of the total area and is the dominant landscape type in Jiulong River basin. The area of forestland began to increase after 2000, which was result of the Grain to Green governmental policy. On the whole, the area of source landscapes increased notably during 1990-2015, while the area of sink landscapes had an overall decreasing trend. 
Landscape Metrics Analysis
Four landscape metrics were calculated based on the classified multi-temporal remote sensing images of Jiulong River basin by using ArcGIS. Landscape pattern analysis was performed on the basis of four landscape metrics.
As shown in Tables 13 and 14 , PD had a similar variation tendency compared to NP for each landscape type, which was directly related to the calculation formulas of them. PD was also synchronous with NP. Both PD and NP can reflect the extent of landscape fragmentation. The increase of PD or NP indicated that the landscape was more fragmented than before and vice versa. MPS can represent the subdivision of the landscape as well, but it has the opposite tendency to PD and NP.
The values of PD and NP of residential land were largest in 2005 and smallest in 1995, which indicated that the highest degree of fragmentation in residential land appeared in 2005 and the lightest fragmentation appeared in 1995. According to Table 6 , the change tendencies of cultivated 
As shown in Tables 13 and 14 , PD had a similar variation tendency compared to NP for each landscape type, which was directly related to the calculation formulas of them. PD was also synchronous with NP. Both PD and NP can reflect the extent of landscape fragmentation. The increase of PD or NP indicated that the landscape was more fragmented than before and vice versa. MPS can represent the subdivision of the landscape as well, but it has the opposite tendency to PD and NP. The values of PD and NP of residential land were largest in 2005 and smallest in 1995, which indicated that the highest degree of fragmentation in residential land appeared in 2005 and the lightest fragmentation appeared in 1995. According to Table 6 , the change tendencies of cultivated land had the same features as residential land. The PD and NP values of unused land decreased rapidly from 1995 to 2010, mainly because of the rapid development of urbanization and industrialization in the Jiulong River drainage area.
We found that the MPS of forestland decreased during 1990-2000 in Table 15 , which indicated a higher degree of fragmentation, and then MPS values increased from 2000 to 2015, representing reduced subdivision. In particular, the MPS values of residential land demonstrated a constantly increasing tendency. According to Table 16 , the PLAND of residential land increased constantly, and the largest increase (from 8.10% to 12.62%) appeared after 1995, while the PLAND of unused land decreased rapidly (from 5.30% to 2.80%) during the study periods, which corresponded with the characteristics of urbanization processes in the study area. The PLAND of forestland was the largest and remained stable during the last three decades. The PLAND of cultivated land was distinctly reduced (from 9.72% to 6.98%) during 2010-2015, but in contrast, the PLAND of unused land had an increase from 0.77% to 2.80% during the same period. The monitoring data of water quality indicators in Hua'an and Xiamen sites in Jiulong River basin, obtained from the weekly report of water quality on the official website of the Fujian Provincial Department of Environment Protection, were showed in Table 17 
Analysis of the Landscape Transition Matrix
The magnitude and the direction of changes in a landscape are the most important factors relating to landscape evolution. Aiming to analyze the change of landscape pattern in Jiulong River basin, we calculated the transition matrixes of five-time phases: 1990-1995 (Table 18) , 1995-2000 (Table 19) , [2000] [2001] [2002] [2003] [2004] [2005] (Table 20) , [2005] [2006] [2007] [2008] [2009] [2010] (Table 21 ) and 2010-2015 (Table 22) . Source-sink landscape pattern changed violently during 1990-1995. Forestland, a sink landscape, transferred the largest area at 632.69 km 2 , of which 182.03 km 2 of forestland were converted into a source landscape, residential land, while 182.43 km 2 of forestland were converted to unused land, and other portions became cultivated land and water. The largest conversion rate belonged to the unused land, which is a sink landscape; the conversion area of unused land accounts for 30.78% of the total unused land area, followed by the source landscape, cultivated land. The area of the transferred-out cultivated land accounts for 27.63% of the total area of cultivated land. 
The magnitude and the direction of changes in a landscape are the most important factors relating to landscape evolution. Aiming to analyze the change of landscape pattern in Jiulong River basin, we calculated the transition matrixes of five-time phases: 1990-1995 (Table 18) , 1995-2000 (Table 19) , [2000] [2001] [2002] [2003] [2004] [2005] (Table 20) , [2005] [2006] [2007] [2008] [2009] [2010] (Table 21 ) and 2010-2015 (Table 22) . Source-sink landscape pattern changed violently during 1990-1995. Forestland, a sink landscape, transferred the largest area at 632.69 km 2 , of which 182.03 km 2 of forestland were converted into a source landscape, residential land, while 182.43 km 2 of forestland were converted to unused land, and other portions became cultivated land and water. The largest conversion rate belonged to the unused land, which is a sink landscape; the conversion area of unused land accounts for 30.78% of the total unused land area, followed by the source landscape, cultivated land. The area of the transferred-out cultivated land accounts for 27.63% of the total area of cultivated land.
270.43 km 2 of forestland transformed into cultivated land and 518.02 km 2 was converted into residential land during 1995-2000. The area of cultivated land transformed into forestland was 260.84 km 2 , and 154.92 km 2 of cultivated land turned into residential land. 243.76 km 2 of unused land turned into forestland, and 374.44 km 2 turned into residential land. The transformed-out unused land area accounts for 59.98% of the total area of the unused land in Jiulong River basin.
During the period from 2000 to 2005 in Jiulong River basin, as Table 20 showed, the landscape types with the largest areas of transition were forestland and cultivated land, including 461.52 km 2 and 444.63 km 2 respectively. 218.88 km 2 of forestland was transformed into cultivated land and 210.42 km 2 turned into residential land, while 218.71 km 2 of cultivated land transferred to residential land, and 110.82 km 2 of unused land transformed into residential land.
The area of transformed forestland was largest during 2005-2010 at 576.67 km 2 , and it mainly turned into cultivated land and residential land. The transition area of cultivated land, 588.01 km 2 , accounted for 32.32% of the area of cultivated land. In the process of landscape transition, the transformed area of residential land reached 478.97 km 2 , accounting for 19.31% of the total area of residential land, of which 252.69 km 2 transferred into woodland. In the unused landscape, 112.15 km 2 of the landscape turned into residential land, and the transition volume reached 69.13% of the total area of unused land.
The transition area of cultivated land was 588.01 km 2 , which mainly transferred to residential land (381.24 km 2 ) and forestland (151.85 km 2 ). The transition rate of cultivated land reached 41.88%. 478.97 km 2 of residential land transferred to other types, including forestland and cultivated land. Only 44.01 km 2 of unused land transformed into other landscape types, while the transition area accounted for 39.07% of the total area of unused land. Transition occurred among water, orchards and other landscapes, but the changed area is smaller in these categories.
Based on analysis of five transition matrixes from 1990-1995, 1995-2000, 2000-2005, 2005 -2010 and 2010-2015, forestland occupied the largest area in Jiulong River basin and the transition area of forestland was largest among six landscape types. In particular, from 1995 to 2000, the area of forestland that transformed into residential land reached 518.2 km 2 . Forestland, one of the sink landscapes, mainly turned into source landscapes, including residential land and cultivated land, from 1990 to 2015, which was due to rapid development during the past three decades. The expansion of residential land led to the loss of cultivated land and unused land throughout the urbanization process during 1990-2015. Pressure to protect the forestland will increase continuously with further industrialization and development.
The overall transition rate can be obtained on the basis of five transition matrixes.
Equation (4) gives the value of transition rate, where A In is the sum of transform-in area of each landscape and Area is the total area of Jiulong River basin.
As Table 23 displayed, the overall transformation rate among landscape types in Jiulong River basin first increased and then decreased after 2000. The decreasing trend of the change rate tended to gradually stabilize. The highest transition rate appeared in 1995-2000, reaching 16.58%, which indicated that the most remarkable changes of the landscape occurred during this period. The transformation intensity decreased obviously after 2000, and the decreasing trend remained until 2015. 
Analysis of the Source-Sink Landscape Transition Matrix
We calculated the source-sink landscape transition matrixes of five-time phases: From 1990 to 1995 (Table 24) , from 1995 to 2000 (Table 25) , from 2000 to 2005 (Table 26) , from 2005 to 2010 (Table 27) and from 2010 to 2015 (Table 28) . The difference between area from sink landscape to source landscape and area from source landscape to sink landscape can reflect the change of source-sink landscape pattern of Jiulong River basin to some extent. The maximum difference appeared in 1995-2000, and the area transformed from sink landscape to source landscape was greatly larger than the area from source landscape to sink landscape in this period. 
Conclusions
The characteristics of the source-sink landscape pattern changes in the experimental basin were presented in this paper by using the classification of remotely sensed images coupled with GIS analyses. The random forest classifier, combined with textural features and spectral information, was proposed to improve the accuracy of classification in this paper. On the basis of classification maps from different periods, four landscape metrics were calculated to evaluate the landscape fragmentation. Five transition matrixes were obtained with the support of classified images to analyze the transition among different landscape types during the study periods.
Jiulong River basin, located in southeast China, was selected as the study area in this paper. According to the landscape ecology and the standards of land-use classification, Jiulong River watershed was divided into six types: Forestland, water, orchards, cultivated land, residential land and unused land. Combined with the non-point source pollution process and source-sink theory, these six types were categorized into source landscapes (including cultivated land, orchards and residential land) and sink landscapes (including forestland, water and unused land), respectively.
Forestland occupied more than 70% of the area of the whole watershed and was one of the dominant landscape types in this basin. The area of forestland decreased from 1990 to 2010 and began to increase after 2010. Residential land changed most rapidly during the study periods; its area in 2015 was two times larger than it was in 1990, which was a result of urbanization and industrialization. Water and orchards remained stable during the study period. The NP and PD of residential land and farmland increased from 1990 and began to decrease after 2005, which indicated an increasing degree of fragmentation of the two types during 1990-2005 and a decreasing extent of fragmentation from 2005 to 2015. The NP and PD of unused land decreased rapidly from 1995 to 2010, which was opposite to the trend of farmland and residential land. Sharp transitions appeared among the farmland, residential land and unused land and forestland. The transition area of forestland was consistently the largest.
Results demonstrated that landscape metrics can allow landscape structure to be quantified and analyzed, and provide essential information on the spatiotemporal changes in landscapes. The transition matrixes reflect the transformation among different landscape types. The integrated evaluation of landscape change using landscape metrics and transition matrixes can characterize the evolution of source-sink landscapes. The integrated method can be used to analyze the evolution of source-sink landscape patterns in the watershed. The analysis results can provide support for allocation of the source-sink landscape pattern and land-use planning in the future, which is beneficial for the sustainable development of the watershed.
Only four landscape metrics were calculated in this paper, but there are still a large number of metrics that can quantify the spatial characteristics of landscapes. Hence, further efforts should be made to apply additional landscape metrics for comprehensive analysis and select the appropriate indexes according to practical objectives.
